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Exposure models are needed to evaluate the chronic health effects of ambient ultraﬁne particles
(<0.1 mm) (UFPs). We developed a land use regression model for ambient UFPs in Toronto, Canada using
mobile monitoring data collected during summer/winter 2010e2011. In total, 405 road segments were
included in the analysis. The ﬁnal model explained 67% of the spatial variation in mean UFPs and
included terms for the logarithm of distances to highways, major roads, the central business district,
Pearson airport, and bus routes as well as variables for the number of on-street trees, parks, open space,
and the length of bus routes within a 100 m buffer. There was no systematic difference between
measured and predicted values when the model was evaluated in an external dataset, although the R2
value decreased (R2 ¼ 50%). This model will be used to evaluate the chronic health effects of UFPs using
population-based cohorts in the Toronto area.
Crown Copyright © 2015 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Trafﬁc-related air pollution is known to contribute to cardio-
vascular morbidity including both acute and chronic health effects
(Hoek et al., 2013; Mehta et al., 2013; Shah et al., 2013; Sun et al.,
2010; Weichenthal, 2012). To date, population-based studies
interested in the potential health effects of trafﬁc-related air
pollution have generally relied on NO2 as a surrogate measure of
exposure owing to the availability of existing land use regression
models (Crouse et al., 2009, 2010; Jerrett et al., 2009). However,
other air pollutants such as ultraﬁne particles (UFPs) (<0.1 um)
may also contribute to adverse health effects. In particular, a
number of studies have examined the acute health effects of UFPs
and existing evidence suggests that these pollutants may
contribute to acute changes in vascular function and cardiac
autonomic modulation (Weichenthal, 2012) likely through path-
ways involving oxidative stress (Miller et al., 2012; Miller, 2014).
Nevertheless, few studies have evaluated the chronic health ef-
fects of UFPs largely owing to the absence of exposure modelsa, Ontario, K1A 0K9, Canada.
Weichenthal).
vier Ltd. This is an open access artisuitable for use in large population-based studies. However, one
recent study used a chemical transport model to estimate resi-
dential exposure to ambient UFPs and the ﬁndings suggest that
UFP exposures may contribute to ischemic heart disease mortality
(Ostro et al., 2015). To date, land use regression models have been
developed for UFPs in Vancouver, Canada (Abernethy et al., 2013),
Girona, Spain (Rivera et al., 2012), and Amsterdam, Netherlands
(Hoek et al., 2011) but studies have yet to apply these models to
examine associations between long-term exposure to UFPs and
cardiovascular morbidity/mortality. In this study, we developed a
land use regression model for UFPs in Toronto, Canada in order to
characterize the spatial distribution of these pollutants in Cana-
da's largest city. Sabaliauskas et al. (2015) recently described a
land use regression model for Toronto based on afternoon
monitoring data collected during summer 2008. Here we expand
on this previous campaign by including more recent data
collected during morning and afternoon periods in both the
summer and winter months over a broader geographic region
using mobile monitoring. Mobile monitoring has many advan-
tages in conducting such studies as it offers a cost-effective means
of characterizing spatial variations in ambient UFPs over large
geographic areas that may otherwise be infeasible to capture
given practical constraints.cle under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
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2.1. Mobile monitoring of ultraﬁne particles
Ambient UFP data were collected during a mobile monitoring
campaign conducted in Toronto, Canada for two weeks in
September 2010 (summer) and one week in March 2011 (winter).
These months were selected to capture the wide range of tem-
peratures typical of Toronto, Canada. Details of this campaign have
been described previously (Weichenthal et al., 2015). Brieﬂy, each
day three separate vehicles (Chevrolet Grand Caravans) equipped
with roof-topmonitoring devices (TSI Model 3007) monitored real-
time ambient UFPs (<0.1 um) at 1-second resolution. Each vehicle
collected UFP data for six hours each day: once in the morning
(7:00e10:00) and once in the afternoon (15:00e18:00). All samples
were collected on weekdays and ambient temperatures ranged
from 9.2e24 C (mean ¼ 10.3 C). Each vehicle focussed on spe-
ciﬁc portions of the city including downtown areas, major high-
ways, and suburban areas. Dedicated routes were not assigned;
instead, drivers focused on maximizing coverage of these regions
during each sampling period with a different route taken each day.
All vehicles carried a GlobalSat DG-100 monitor to log geographic
coordinates which were subsequently matched to real-time UFP
data at 1-second resolution.
2.2. Assigning ultraﬁne particle concentrations to road segments
The mid-point of each road segment (mean length: 162 m;
interquartile range: 74e201 m) was assigned a mean UFP concen-
tration based on data collected throughout the monitoring
campaign over both seasons (Supplemental Material Fig. S1). The
number of data points available for each road segment varied
depending on the number of times it was traversed throughout the
monitoring period. Our model is based on road segments with at
least 250 UFP data points (mean: 595 points/segment; interquartile
range: 312e690) as this threshold provided the best balance of
spatial coverage and points per segment for model development. In
preliminary analysis, we also examined models based on road
segments with at least 400e600 data points (6.7e10 min per
segment) to increase the duration of measurement data available
for each segment; however, this resulted in decreased spatial
coverage and points primarily reﬂected major highways (data not
shown). Similarly, models based on road segments with at least
100e200 data points were examined but only small gains in spatial
coverage were apparent and model RMSE (root mean square error)
values increased owing to a decreased number of points per
segment. Therefore, the ﬁnal criteria of at least 250 points per
segment was selected as this threshold provided the best balance of
spatial coverage and air pollution data available for model
development.
2.3. Derivation of land use and built environment data for model
development
The midpoint of each road segment was geocoded in a
geographic information systems (GIS) environment using Arc-
MAP10.2 and spatially intersected with a number of GIS layers
describing land-use and built environment. We associated each
point with a set of variables either by generating buffers around the
point and calculating means or sums within the buffer or by
computing distances between each point and potential sources. We
generated several buffer sizes (50e300 m) and intersected these
buffers with the following GIS layers: road network, bus network,
restaurants, on-street trees, and land-use classes. We also gener-
ated ﬁve distance variables by computing the straight-line distancebetween every segment midpoint and the nearest highway, nearest
major road, nearest bus route, the central business district, and
Pearson International Airport. Air pollution maps were generated
by ﬁrst dividing the city of Toronto into 100  100 m grid cells.
Buffers were drawn around the centroids of each grid cell and were
intersected with land-use layers in order to derive predictors for
each cell; ﬁnal model coefﬁcients were applied to each cell to
generate a surface for UFPs at a resolution of 100  100 m.
2.4. Statistical analysis
Land use regression models were developed for mean UFP
concentrations as well as ln-transformed UFP concentrations.
Single-predictor linear regression models were ﬁrst examined to
evaluate the impact of each candidate predictor on ambient UFPs;
in total, 44 predictors were evaluated. Candidate predictors
included distances to potentially important sources including
highways/major roads, bus routes, Pearson International airport
(the major international airport in Toronto), and the central busi-
ness district along with other factors integrated within circular
buffers (100e300 m) including total road length, land use variables
(e.g. residential, commercial, industrial, parks, open space), total
restaurants/bars, total number of on-street trees, total bus stops,
and total length of bus routes. Open space reﬂects undeveloped
land not including parks or recreational areas. A 50 m buffer was
also examined for total restaurants/bars. Variables for the natural
logarithms of distance variables were also evaluated to account for
non-linear decreases in UFPs with distance from trafﬁc sources
(Zhu et al., 2002). We did not place any a priori restrictions on the
direction of coefﬁcients for inclusion in multivariable models as the
primary purpose of modeling was prediction.
Variables that were associatedwith ambient UFP concentrations
in single-predictor models (i.e. 95% conﬁdence intervals excluded
the null) were retained for evaluation in multivariable models. If
more than one buffer size was examined for a given variable, the
buffer size with the strongest association (i.e. largest R2 value and
lowest RMSE) was retained for analysis. Spearman correlations
were also examined between candidate predictors; if two variables
were highly correlated (r > 0.80) the variable with the strongest
association with UFP was retained for analysis. The remaining
variables were included in multi-variable linear regression models.
Variables that were not statistically signiﬁcant in multivariable
models were only removed if doing so decreased (or did not sub-
stantially change (i.e. <1%)) the RMSE of the model.
Althoughmonitoring was conducted during the same portion of
each day (i.e. morning and evening rush hour), individual road
segments were monitored at different times on different days
throughout the monitoring period and as a result temporal varia-
tions might have contributed to differences in UFP concentrations
between road segments. Previous studies have used correction
factors derived from ﬁxed site monitoring data for UFPs (Abernethy
et al., 2013; Hoek et al., 2011) or NOx (Rivera et al., 2012) to adjust
for temporal variations between samples collected at different
times. Since ﬁxed-site UFP data were not available in Toronto, we
used ambient temperature to adjust for temporal variability be-
tween sampling periods as temperature is known to be an impor-
tant determinant of day-to-day ﬂuctuations in ambient UFPs (Alm
et al., 1999; Kaur and Nieuwenhuijsen, 2009; Weichenthal et al.,
2008, 2014; 2015). Speciﬁcally, each road segment was assigned a
value for mean ambient temperature using real-time data (1-
second resolution) collected from vehicle rooftop monitors
(HOBO Datalogger) at the same time as UFP measurements. Both
linear and quadratic terms for ambient temperature were included
in all regressionmodels to account for potential non-linearity in the
relationship between temperature and UFPs. Wind speed was also
Table 1
Descriptive statistics for UFP concentrations (count/cm3).
Statistic UFP
Minimum 6334
10th Percentile 17,670
First quartile 25,060
Mean (SD) 44,419 (27,299)
Median 35,843
Third quartile 56,747
90th Percentile 89,297
Maximum 125,279
Data reﬂects a total of 440 road segments with at least 250
points/segment.
S. Weichenthal et al. / Environmental Pollution 208 (2016) 241e248 243evaluated as a possible covariate to account for temporal variations
in ambient UFPs using hourly data available from Environment
Canada.
Potential bias and precision of ﬁnal model estimates were
evaluated by applying models to an external dataset of road seg-
ments that fell slightly below the threshold of 250 points per
segment for inclusion in model development. Speciﬁcally, ﬁnal
models were used to predict UFP concentrations for road segments
with 200e249 points per segment and themean difference (95% CI)Table 2
Descriptive statistics for candidate predictor variables.
Independent variable Buffer size (m)
Distance to nearest highway
Distance to nearest major road
Distance to CBD
Distance to Pearson Airport
Distance to nearest bus route
Ambient temperature (

C)
Wind speed (m/s)
Total road length 100
200
300
Total intersections
100
200
300
Land use (%)
Residential 100
200
300
Commercial 100
200
300
Industrial 100
200
300
Parks 100
200
300
Open space 100
200
300
Total restaurants 50
100
200
300
Total on street trees 100
200
300
Total bus stops 100
200
300
Total length of bus routes 100
200
300
All distances are in meters; CBD, central business district.between measured and predicted values was used to evaluate po-
tential bias in model estimates. Precision was evaluated using R2
and RMSE values from linear models relating measured and pre-
dicted UFP concentrations and the slopes of these models were
used to estimate the strength of the linear relationships between
measured and predicted values.
3. Results
In total, 440 road segments had at least 250 data points covering
a distance of approximately 170 km of roadway. On average, each
road segment contained 10 min of UFP data (interquartile range:
5.2e11.5 min) and segments were distributed across a large portion
of the greater Toronto area (Supplemental Material Fig. S2).
Ambient UFP concentrations ranged substantially across road seg-
ments with a mean value of 44,419/cm3 and a range of
6334e125,279/cm3 (Table 1).
3.1. Single variable models
Descriptive data for candidate predictors are shown in Table 2
and a number of these factors were identiﬁed as potentially
important predictors of ambient UFPs (Table 3) (models for ln(UFP)Mean (SD) Minimum Maximum
1266 (1394) 0 7032
22.1 (87.95) 0 1193
10,090 (6652) 195 38,190
16,670 (7133) 0 51,441
74.7 (120) 0 646
10.3 (5.8) 9.2 24
17.0 (5.4) 0.03 43
364 (173) 0 948
1354 (571) 400 2886
2931 (1148) 600 5706
0.39 (0.57) 0 2
1.26 (1.34) 0 7
2.52 (2.40) 0 13
31 (31) 0 100
35 (29) 0 100
37 (28) 0 100
16 (23) 0 100
15 (19) 0 88
15 (17) 0 78
25 (30) 0 100
26 (28) 0 100
26 (26) 0 99
6.3 (16) 0 100
7.5 (15) 0 81
8.1 (13) 0 66
22 (28) 0 100
16 (20) 0 100
13 (16) 0 100
1.0 (2.8) 0 21
3.1 (6.4) 0 42
9.8 (19) 0 114
19.6 (37) 0 215
15 (20) 0 94
71 (71) 0 331
206 (158) 0 665
1.4 (2.2) 0 12
4.0 (4.4) 0 27
4.8 (5.4) 0 28
1812 (2854) 0 22,986
4348 (6471) 0 44,463
7920 (8398) 0 65,898
Table 3
Single-predictor linear regression models for UFPs.
Independent variable Buffer size (m) b (95% CI) Adjusted R2 RMSE
ln(distance to highway) 4061 (4527, 3596) 0.46 20,074
Distance to highway 8.93 (10.51, 7.34) 0.29 22,940
ln(distance to major road) 428.9 (1067, 1924) 0.09 25,987
Distance to major road 49.05 (76.69, 21.41) 0.12 25,640
Distance to CBD 1.04 (0.645, 1.44) 0.15 25,234
ln(distance to CBD) 6574 (4068, 9082) 0.15 25,236
Distance to Pearson Airport 1.37 (1.69, 1.04) 0.22 24,186
ln(distance to Pearson Airport) 12,683 (15,290, 10,077) 0.26 23,440
Distance to bus route 52.68 (32.53, 72.83) 0.15 25,284
ln(distance to bus route) 4209 (3183, 5234) 0.21 24,278
Total road length 100 12.75 (1.59, 27.10) 0.10 25,906
200 0.374 (4.75, 4.00) 0.09 25,996
300 0.597 (2.78, 1.59) 0.09 25,988
Total intersections 100 12,909 (17,293, 8525) 0.19 24,513
200 6250 (8203, 4297) 0.20 24,343
300 3550 (4649, 2452) 0.20 24,321
Land use
Residential 100 18,850 (26,475, 11,224) 0.14 25,317
200 13,704 (21,970, 5439) 0.12 25,684
300 11,328 (20,115, 2542) 0.11 25,807
Commercial 100 20,803 (31,814, 9793) 0.12 25,593
200 18,238 (31,481, 4995) 0.11 25,780
300 16,815 (31,875, 1754) 0.10 25,854
Industrial 100 6296 (14,442, 1849) 0.09 25,928
200 3015 (11,738, 5709) 0.09 25,983
300 2340 (11,780, 7099) 0.09 25,990
Parks 100 16,157 (31,059, 1256) 0.10 25,862
200 15,165 (31,778, 1447) 0.10 25,901
300 17,743 (35,967, 480) 0.10 25,888
open space 100 53,374 (45,724, 61,024) 0.37 21,715
200 61,617 (50,565, 72, 670) 0.29 23,008
300 68,619 (55,050, 82,188) 0.26 23,463
Total restaurants and bars 50 1869 (2731, 1007) 0.13 25,469
100 1052 (1429, 675) 0.15 25,140
200 351 (481, 221) 0.15 25, 194
300 173 (241, 105) 0.14 25, 274
Total on street trees 100 404 (528, 280) 0.20 24,299
200 88.2 (122, 54.1) 0.18 24,732
300 35.1 (50.6, 19.6) 0.16 24,902
Total bus stops 100 3783 (4873, 2692) 0.18 24,746
200 2124 (2659, 1590) 0.21 24,379
300 379 (845, 87.1) 0.10 25,982
Total length of bus routes 100 1.93 (2.78, 1.08) 0.13 25,463
200 0.564 (0.940, 0.189) 0.11 25,787
300 0.195 (0.491, 0.101) 0.10 26,009
Meteorologya
Temperature 2515 (1512, 3518) 0.10 25,967
Temperature2 165 (215, 116)
a Model includes both temperature variables. All models for candidate predictors include linear and quadratic terms for ambient temperature and all distances are inmeters.
CBD, central business district.
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variables for the natural logarithm of distances to the nearest
highway, the nearest bus route, and Pearson airport explained the
largest proportion of the variation in ambient UFPs along with
predictors for the proportion of open space (100 m buffer) and the
total number of on-street trees (100 m buffer) followed by various
other factors. Spearman correlations between candidate predictors
were less than 0.8 (0.012  r  0.76) and none of the predictors
were eliminated because of co-linearity (Supplemental Material
Table S2). Models including only linear and quadratic terms for
ambient temperature explained approximately 10% of the variation
in ambient UFP concentrations. Regional wind speed was not
strongly associated with ambient UFPs assigned to each road
segment (b¼ 80.8, 95% CI:365, 527) (R2 < 0.01) and as a result we
did not use wind speed to account for temporal variability. As we
were limited to regional wind speed data during the hour of UFP
monitoring, measurement error may have limited our ability to
detect a relationship between wind speed and ambient UFPs.3.2. Multivariable models
Complete covariate data were available for 405 road segments
and ﬁnal land use regression models are shown in Table 4. The
model for mean UFP concentrations explained 67% of the spatial
variation in ambient UFP concentrations and included variables for
the natural logarithm of distances to the nearest highway, major
roads, the central business district, bus routes, and Pearson airport,
along with variables for the proportion of open space and park land
use (100 m buffer), the number of on-street trees (100 m buffer),
and the length of bus routes (100 m buffer). Variables for park land
use, the number of on-street trees, and the length of bus routes
were not statistically signiﬁcant but removing these factors
increased the RMSE value by 8.5% and decreased the adjusted R2
values by 6% and thus these factors were retained. The model for
ln(UFP) explained a slightly smaller proportion of the variation in
ambient UFPs (adjusted R2 ¼ 0.60) but included many of the same
covariates with the exception of on-street trees and park land use
Table 4
Land use regression models for UFPs in Toronto, Canada (n ¼ 405).
Dependent variable Alpha Independent variables b (95% CI) Adjusted R2 RMSE
Mean UFP 133,042 ln(distance to highwaya) 2975 (3543, 2407) 0.67 15,680
ln(distance to major roada) 2754 (3806, 1704)
ln(distance to CBDa) 5182 (3409, 6956)
ln(distance to Pearson Airporta) 12,434 (15,515, 9355)
ln(distance to bus route) 1486 (586, 2385)
Park landb 8160 (17,630, 1310)
Open spaceb 13,145 (4467, 21,824)
Total on-street treesb 31.47 (125, 61.6)
Length of bus routesb 0.341 (0.969, 0.286)
Mean temperature 47.91 (759, 664)
Mean temperature2 17.46 (53.5, 18.5)
ln(UFP) 11.29 ln(distance to highwaya) 0.0723 (0.0859, 0.0586) 0.60 0.3855
ln(distance to major roada) 0.0905 (0.116, 0.0648)
ln(distance to CBDa) 0.124 (0.0628, 0.184)
ln(distance to Pearson Airporta) 0.157 (0.233, 0.0819)
ln(distance to bus routea) 0.0183 (0.00369, 0.0404)
Total intersectionsc 0.0138 (0.0120, 0.0396)
Commercial land useb 0.107 (0.0842, 0.299)
Open spaceb 0.379 (0.167, 0.591)
Length of bus routesb 0.0000122 (0.0000282, 0.00000389)
Mean temperature 0.00106 (0.0186, 0.0164)
Mean temperature2 0.000374 (0.00127, 0.000517)
a Distance in meters.
b 100 m buffer.
c 300 m buffer; CBD, central business district.
Fig. 1. Predicted spatial distribution of ambient UFPs in Toronto, Canada.
S. Weichenthal et al. / Environmental Pollution 208 (2016) 241e248 245which were not included in the model. Variables for commercial
land use (100 m buffer), total intersections (300 m buffer), the
length of bus routes (100m buffer), and the natural logarithm of thedistance to the nearest bus route were not statistically signiﬁcant
but removing these variables increased the RMSE value by 5.9% and
decreased the adjusted R2 value by 5% and thus these factors were
Table 5
Measured and Predicted UFP Concentrations at model evaluation sites (count/cm3).
Measured values mean (SD) Predicted values mean (SD) Mean difference (95% CI) ba (95% CI) R2a RMSEa
UFP ln(UFP) UFP ln(UFP) UFP ln(UFP) UFP ln(UFP) UFP ln(UFP) UFP ln(UFP)
35,938
(19,532)
10.360
(0.512)
37,323
(18,745)
10.369
(0.397)
1385
(3754, 982)
0.00869
(0.0739, 0.0565)
0.73
(0.61, 0.85)
0.81
(0.65, 0.98)
0.50 0.39 13,907 0.400
Model evaluation is based on 151 road segments with 200e249 points/segment.
a For linear regression model relating measured and predicted values.
S. Weichenthal et al. / Environmental Pollution 208 (2016) 241e248246retained. Variance inﬂation factors (VIF) were less than 3 (range:
1.15e2.89) for all predictor variables except for the temperature
terms which had VIF values less than 7, thus suggesting limited
collinearity among variables. Weak spatial autocorrelation was
observed for UFP concentrations (Morans' I ¼ 0.22) and for model
residuals (Morans' I ¼ 0.050). Fig. 1 illustrates the predicted spatial
distribution of mean UFPs in Toronto, Canada at 10 C (this is
approximately the annual average temperature in Toronto).
Coefﬁcients for ambient temperature were not statistically sig-
niﬁcant in ﬁnal multivariable models and excluding these terms
increased RMSE values by 0.45e2% and decreased R2 values by a
similar magnitude. This suggests that temporal variations were
perhaps not as important as spatial differences in explaining overall
variability in ambient UFPs. To explore this notion further, we also
calculated within-segment (i.e. day to day temporal variation) and
between-segment (spatial variation) values for the coefﬁcient of
variation (COV) (standard deviation/mean). The median within-
segment COV value was 0.45 compared to the overall between-
site value of 0.61; thus suggesting that spatial contributions to
overall variation in ambient UFPs exceeded the temporal
contribution.
3.3. Model evaluation
In total, 151 road segments with 200e249 data points were
available for model evaluation and the range of UFP concentrations
(5328e110,663/cm3) and ambient temperatures (4.6e25.3 C) on
these segments were comparable to the range used for model
development. There were no systematic differences between
measured and predicted values for mean UFPs or ln(UFPs) andFig. 2. Scatter plot of measured versus predicted mean UFPstrong positive slopes (b > 0.70) were observed in linear models
relating measured and predicted values; however, R2 values were
lower when the models were applied to the external dataset
(Table 5). A scatter plot of measured and predicted mean UFP
concentrations is shown in Fig. 2.
4. Discussion
Little is currently known about the long-term health effects of
ambient UFPs owing to the absence of exposure models suitable for
use in large population-based studies. We developed a land use
regression model for ambient UFPs in Toronto, Canada to charac-
terize the spatial distribution of UFPs in Canada's largest city. This
model explained the majority of the spatial variation in ambient
UFPs and is available to support future population-based cohort
studies. In particular, studies of chronic cardiovascular outcomes
are of interest owing to a number of short-term studies suggesting
adverse cardiovascular health effects (Weichenthal, 2012).
In general, our model explained a similar or slightly larger
proportion of the spatial variability in ambient UFPs compared to
previous models developed for Vancouver, Canada (Abernethy
et al., 2013), Girona, Spain (Rivera et al., 2012), and Amsterdam,
Netherlands (Hoek et al., 2011). In particular, while the Vancouver
model generally reported lower R2 values (0.29e0.53), model RMSE
vales were smaller perhaps owing in part to longer monitoring
periods (60min) or the inclusion of variables related to truck routes
and truck counts that were not available for Toronto. Our model
also explained a similar proportion of the spatial variability in
ambient UFPs compared to a previous LURmodel for Toronto based
on afternoon data collected during the summer monthsconcentrations at model evaluation sites (count/cm3).
S. Weichenthal et al. / Environmental Pollution 208 (2016) 241e248 247(temperature range: 25e32 C) in 2008 over a more limited
geographical area (Sabaliauskas et al., 2015). However, our ﬁndings
suggest that this model may underestimate long-term mean UFP
concentrations owing to higher UFPs during thewinter months and
the fact that monitoring was limited to residential areas. In
particular, the highest mean UFP concentration for road segments
included in the previous study was approximately 20,000/cm3
whereas values larger than 100,000/cm3 were observed during our
mobile monitoring campaign.
In general, while UFPmodels to date all contain similar terms for
trafﬁc intensity and/or distances to major roadways, several
between-city differences are apparent. For example, in Vancouver
restaurant density was positively associated with ambient UFPs but
a similar relationship was not observed for Toronto in this study or
previously (Sabaliauskas et al., 2015). Moreover, port proximity was
identiﬁed as an important determinant of ambient UFPs in both
Vancouver and Amsterdam but airport proximity was not specif-
ically evaluated in previous studies. In this study, distance to
Pearson International airport was identiﬁed as an important pre-
dictor of ambient UFPs and this is consistent with recent evidence
suggesting that airports are important sources of these pollutants
(Hudda et al., 2014). While the magnitude of this association was
small, our model is the ﬁrst to incorporate airport proximity and
suggests that airports have a measurable impact on ambient UFPs
after adjusting for other important factors including proximity to
highways and major roads. Furthermore, some evidence suggests
that green infrastructuremay improve urban air quality (Pugh et al.,
2012) and our model is the ﬁrst to include a term for the number of
on-street trees. While this term was not statistically signiﬁcant in
the ﬁnal multivariable model, it had a meaningful impact on the
accuracy and precision of model estimates and future models
should also explore the potential impact of this variable on model
performance as the relationship between urban vegetation and
urban air quality is complex (Vos et al., 2013).
While the use of mobile monitoring data offers a cost-effective
method of characterizing spatial variations in ambient UFPs over
large geographic areas it is important to note several limitations.
First, all of the data were collected on weekdays during morning
and afternoon rush hour periods and as a result our model may
overestimate ambient concentrations as evenings and weekends
are expected to have lower levels. However, previous studies may
underestimate UFP concentrations close to major highways as
safety reasons often prohibit monitoring near these locations.
Mobile monitoring is advantageous in this respect as it facilitates
monitoring directly on roadways. In addition, our data were
collected over a relatively short three-week period and may not
completely capture seasonal variations in ambient UFP concentra-
tions. Indeed, some evidence suggests ambient UFPs vary
throughout the year with higher levels occurring during winter
months and minimum values occurring during the summer
(Johansson et al., 2007). This pattern is consistent with the known
inverse association between ambient temperature and UFPs and
the inclusion of temperature terms in our models may at least
partially address this limitation. Finally, while we cannot rule out
some contribution from “self-pollution” emitted by the mobile
monitoring vehicles, these contributions likely do not explain the
observed associations as all road segments were monitored with
the same vehicle type and thus were likely similarly impacted by
these emissions.
In general, road segments included in our analysis reﬂected a
broad range of land use characteristics and ambient UFP/temper-
ature levels varied substantially across segments; therefore, our
model is likely generalizable to much of the greater Toronto area.
However, one further limitation was the quantity of exposure data
available for individual road segments and this might havedecreased the precision of model estimates compared to longer
monitoring campaigns (Klompmaker et al., 2015). This limitation
could be addressed in future studies by increasing the number and
duration of mobile monitoring campaigns conducted throughout
the year; however, the mean duration of UFP monitoring for each
road segment in this study was comparable to the 15-minute time
period previously employed in Girona, Spain (Rivera et al., 2012). In
addition, since model performance was comparable to those based
on longer monitoring campaigns, our ﬁndings support the use of
short-term repeated measurements in the development of similar
models in the future.
Since all road segments were not monitored simultaneously,
ambient temperature was used to account for temporal variations
in ambient UFP concentrations between monitoring periods. This
decision was based on existing evidence suggesting that ambient
temperature is an important determinant of day-to-day changes in
ambient UFPs (Alm et al., 1999; Kaur and Nieuwenhuijsen, 2009;
Weichenthal et al., 2008, 2014; 2015). Regardless, this may be
considered a limitation as previous studies have relied on ﬁxed-site
data for UFPs (Abernethy et al., 2013; Hoek et al., 2011) or NOx
(Rivera et al., 2012) to adjust for temporal variability and we cannot
rule out a residual impact of temporal variation on our results.
Indeed, while ambient temperature was a signiﬁcant predictor of
UFPs in simple linear models, including temperature terms in ﬁnal
multivariable models offered only modest improvements in R2 and
RMSE values. Nevertheless, analysis of within and between-
segment variability suggested that spatial variability exceeded
temporal variations in ambient UFPs and others have reported
similar observations (Abernethy et al., 2013); therefore, we feel that
this approach was justiﬁed given the absence of ﬁxed-site UFP data
and the known inverse relationship between ambient UFPs and
ambient temperature. Despite this possible limitation, including
temperature terms in the model is also advantageous as it adds a
temporal component directly to the model allowing predictions to
be made throughout the year as opposed to a single static surface.
Indeed, historical ambient temperature data are readily available
from Environment Canada and this feature may be particularly
useful in large-scale studies interested in ambient UFPs during
speciﬁc portions of the year.5. Conclusions
We developed a land use regression model for ambient UFPs in
Toronto, Canada. This model explained the majority of the spatial
variability in ambient UFPs and provided unbiased estimates of
ambient concentrations when applied to an external dataset. This
model may be used to evaluate the chronic health effects of UFPs
using population-based cohorts in the Toronto area.Financial interests' declaration
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